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A Machine Reading Comprehension Approach Based on Reading Skill Recognition and

Dual Channel Fusion Mechanism
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Abstract Machine reading comprehension task aims to require the system to understand a given passage and then
answer a question. Previous researches focus on the interaction between questions and passages. However, they neg-
lect to make a more granular analysis of the questions, e.g., what is the reading skill examined by the questions? In-
spired by the previous reading comprehension literature, the understanding of questions is a multi-dimensional pro-
cess where humans first need to understand the context semantics of the question, then identify the reading skills
they need to use for different types of questions, and finally answer the question. In the end, we propose a machine
reading comprehension method based on reading skill recognition and dual channel fusion mechanism to make a
comprehensive analysis of questions, so as to improve the accuracy of the model in answering questions. Specifically,
the reading skill recognizer can capture the semantic representations of reading skills through contrastive learning.
The dual channel fusion mechanism deeply integrates the contextual information and the semantic representations
of reading skills, so as to help the system understand the question and passage. To verify the effectivenesss of the
model, we conduct experiments on the FairytaleQA dataset. The experimental results show that the proposed meth-
od achieves the state-of-the-art performance on machine reading comprehension task and reading skill recognition
task.

Key words Machine reading comprehension, reading skill recognition, contrastive learning, dual channel fusion
machanism
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[SEP] (&
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# 2 FairytaleQA $HEE PR IEEMNIRE ERITEREX L (%)
Table 2  Performance comparison on the validation and the test set in FairytaleQA dataset (%)
Eoani s e s
[ RS
B-1 B-2 B-3 B-4 ROUGE-L METEOR B-1 B-2 B-3 B-4 ROUGE-L METEOR
LES it

Seq2Seq 2512  6.67 2.01 0.81 13.61 6.94 26.33  6.72 2.17 0.81 14.55 7.34
CAQA-LSTM 28.05  8.24 3.66 1.57 16.15 8.11 30.04 8.85 4.17 1.98 17.33 8.60
Transformer 21.87 4.94 1.53 0.59 10.32 6.01 21.72  5.21 1.74 0.67 10.27 6.22

TRYIZRiE & A

DistilBERT — — — — 9.70 — — — — — 8.20 —

BERT — — — — 10.40 — — — — — 9.70 —

BART 19.13 7.92 3.42 2.14 12.25 6.51 21.05 8.93 3.90 2.52 12.66 6.70

AR

BART-Question-types — — — — — — — — — — 49.10 —
CAQA-BART 52.59  44.17 4276 40.07 53.20 28.31 55.73  47.00 43.68 40.45 55.13 28.80
BART-NarrativeQA 4534  39.17  36.33 34.10 47.39 24.65 48.13  41.50 38.26  36.97 49.16 26.93
BART-FairytaleQA +  51.74 43.30 41.23 38.29 53.88 27.09 54.04 4598 42.08 39.46 53.64 27.45
BART-FairytaleQA 1 51.28 43.96 41.51  39.05 54.11 26.86 54.82  46.37 43.02 39.71 54.44 27.82
AR 54.21  47.38 44.65 43.02 58.99 29.70 57.36 49.55 46.23 4291 58.48 30.93

AR — — — — 65.10 — — — — — 64.40 —
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Table 3  The performance of ablation study on each component in our model on the
validation set and the test set of the FairytaleQA dataset (%)
o IRIE4E Mt
FETR 1 B
B-1 B-2 B-3 B-4 ROUGE-L METEOR B-1 B-2 B-3 B-4 ROUGE-L METEOR
SOTA % 51.28 43.96 4151  39.05 54.11 26.86 54.82  46.37 43.02 39.71 54.44 27.82
ERRFNERITIRAEE 5215 44.47 4211 40.73 55.38 27.45 54.90 47.16  43.55  40.67 56.48 29.31
LAk 53.20 45.07  42.88  41.94 56.75 28.15 55.22  47.98  44.13  41.42 57.34 30.20
ERRICEER AN 52.58  45.38  43.15  41.62 57.22 27.75 55.79  48.20 44.96 41.28 57.12 29.88
A 54.21  47.38  44.65  43.02 58.99 29.70 57.36  49.55 46.23 4291 58.48 30.93
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(b) Experimental results of SOTA
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The performances comparison on the dual channel fusion mechanism
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Table 4  The performance of cross-entropy-loss-based
method and supervised contrastive learning

method on the two tasks (%)
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TR HEHRM 7 91,40 41.42 57.34 30.20
A SCHTA BT
, o 93.77  42.91 58.48 30.93
2 BRI
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Table 5
recognizer under different inputs (%)

The recognition accuracy of reading skill
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